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A Pre-trained Universal Knowledge Graph Reasoning Model Based on Rule Prompts
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Abstract A knowledge graph (KG) is a structured knowledge base that stores a massive amount of real-world
knowledge, providing data support for numerous knowledge-driven downstream tasks. KGs often suffer from
incompleteness, with many missing facts. Therefore, the KG reasoning task aims to infer new conclusions based on
known facts to complete the KG. With the research and development of knowledge engineering and its commercial
applications, numerous general and domain-specific KGs have been constructed. Existing KG reasoning models
mostly focus on completing a single KG but lack general reasoning capabilities. Inspired by the general capabilities of
pre-trained large language models in recent years, some pre-trained universal KG reasoning models have been
proposed. Addressing the issue of existing pre-trained model being unable to identify high-quality reasoning patterns,
we introduce a rule-based pre-trained universal KG reasoning model called RulePreM. It discovers and filters high-
quality reasoning rules to enhance the reasoning abilities. The proposed model first constructs a relational 10 graph
based on reasoning rules and uses an encoder, RuleGNN, to encode the relations. The encoded relations are then used
as prompts to encode entities in the KG. Finally, candidate entities are scored for prediction. Additionally, an attention
mechanism that combines rule confidence is introduced to further reduce the impact of low-quality reasoning patterns.
Experimental results demonstrate that the proposed model exhibits universal reasoning abilities on 43 different KGs,
with average performance surpassing existing supervised and pre-trained models.
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B b, e s B AU ANl i 47 BLAR R B, BEAY 1 AT
o A 5 I 5 [ B R 4 B B B AR SO R B B,
A L T PN S K a0 4 v 8 IR A T B 2k o R
AT R AT AU 2 5. FEHE BB B, S0 RS AL 10 2 500
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T AR 2B, AR A TR 4R AL 48 bR T S E AR Ry
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)BT E . BN B SEIEE
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BRI B0 ms=5. % FH Xavier 1E b 7] 22 2 S 509 4R 1k
(7 1%, H Adam Ak 25 5 BB T S48, 2 2] Rk
4 0.001. 8K J5 A 48 45 A (1 T 2515 7 « R ] CoDEx-
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V1" (14 456 2O A5 R T 2808 B . 7 52 IR T 45
Z I, R SRS AR ZS, IF L T ORI 4
(RS2 5. 78— BCA 4 4 NVIDIA RTX 3090 GPU, 2 4~
Inter Xeon Gold 5122 CPU F1 384 GB A4 N 17 T 1 3
TN ZAASE AL S 25 BT 75 B /N T S5 b, AR SRR
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3)HEARMEY SRR 22K 5 1 RE AR
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the-art, SOTA), & Ky “ 47 Wi B SOTA”, 2 &4~ %4
£ WU Bt MRR 46 55 43 B r A 20 o )9 40 =08
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A ILPC-large'™ £ # 4 1) &AM X Bdls 5 LA
W SOTA ## y InGram®™; 5 S X8 4 oA
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Al AristoV4"™ % §5 4 | ), RED-GNN"Y(#£ NELL-
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WDsinger” Fil NELL23k"" %45 % |- ), DacKGR"™"(7E
FB15k-237-10"", FB15k-237-20"" #1 FB15k-237-50""
AR ), BIQUE™ (7E ConceptNet100k'” %45 4 )
il ComplEx-NNE+AER" (1 DBpedial 00k"" % #f £
)5 2 2805 vk R T 2R B ULTRAMY. ULTRA #
ft T ULTRA-F Y1l 25 Al ULTRA-{8 2 4N p A, Heep
Il S5 i A 8 B R 1 )11 25 45 TR S R 45 2 8 I IO
JAS E TN 2R 25 IS, 40 i) B4 o D B0 4R B 1
U, SRS TR I B s 2 K. O T 5 ULTRA #
T4 7w X b, 7F E S50 o 44t T RulePreM-Tii |
25 F1 RulePreM-fs I 2 A~ Wit A, H b 00 iR A T3l 24
Z G, TERE M 4 b PR AOR S B R AR E 4.3 R
4.4 95 Z AN S R BT SN R AR AS e — 28 4
43 EXHHER

TR T 3 M T 1 43 S HRE S N
TEDECHE 45, R T 5 s 17 - 35 25 21 5 45
25 TR Wi B SOTA BEARYHh, — BB A IF JRAC RS, A
WA 5 | SCHR [14] A 25 00 45 L . 45 150 Bl 4 1
SE-H 5 FR a2 1 2% . RulePreM 1 T Il 25 A0 £ 4 i
ARTEA BRI IS T R A4FHERE. b RulePreM
T U7 4 =X A R 5 S XA T RO 4B 07 2 0 B T
AR ILL 7, RulePreM 76 4 VA 40 X ALY 13 4K
P LB H8 bR, AR 4 43 A 80E 45 LR AR
(14 - A P T 28 Jr k. 76 3 90 =X HE 240 0 48 A i
S AR AR 1, O AR 1 25 B O T TN 25
JiAS, T AE 4 05 9 e B AR 4R b, SO0E UAS 11 25
AU VR TR [ X 3 B BT A A I g o R AR
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FE 38 5o R AR IO 4 1) O R RAE. A i 3 A HE 34K
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Table 1 MRR and Hits@10 of the Main Experiment
#*1 F3LIH MRRF Hits@10

AR (14 NEHRLE )

LG (13 DR )

AR (16 M EUELE ) SEHIME (43 A BdEdk )

E T
e MRR Hits@10 MRR Hits@10 MRR Hits@10 MRR Hits@10
1 W7 SOTA 0.466 0.607 0.210 0.340 0.365 0.511 0.351 0.493
ULTRA-FIIZE  0.512+0.002 0.663+0.003 0.353+0.005 0.536+0.005 0.330+0.004 0.479+0.004  0.396+0.001  0.557+0.001
ULTRA-f# 0.529+0.005 0.684+0.004 0.349+0.007 0.543+0.005 0.384+0.005  0.547+0.006  0.421£0.002 0.590+0.001
RulePreM-JII%%  0.550+0.003 0.698+0.003 0.420+0.005 0.621=0.004 0.331+0.004 0.476+0.006  0.429+0.002  0.592+0.002
RulePreM-i{H  0.563£0.004  0.710+0.003 0.419+0.006 0.619+0.005 0.387+0.004  0.549+0.003  0.454+0.001 0.622+0.001

T BABRR R FRIZEFRR AL
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Fig. 3 The results of MRR and Hits@10 on inductive reasoning datasets
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Fig. 4 The results of MRR and Hits@10 on fully-inductive reasoning datasets
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Fig. 5 The results of MRR and Hits@10 on transductive reasoning datasets
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Table 2 Results of Ablation Study
F2 HREXBRER

AR AU SR P
gom (14 ERSE ) (13 MBARAE ) (16 MHdiRtE ) (43 14 )
MRR Hits@10 MRR Hits@10 MRR Hits@10 MRR Hits@10

SEREIRL 0550 0.698 0.420 0.621 0.331
wio Bf5
J
wlo B1fE
RES =i
w/o K&
10 [

0.476  0.429 0.592

0.380 0.522 0.299 0.459 0.162 0.259 0.275 0.405

0.522 0.697 0419 0.620 0.323 0473 0417 0.590

0.223 0425 0.101 0229 0.075 0.145 0.131 0.262
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Fig. 6 Comparative experimental results with AnyBURL
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Table 3 Experimental Results of Variants of Rule-Based

Relation Encoding

®3 ETHNXARBEFEIHRER

AR ARasUERE S P
gom (14 B (13 AR ) (16 MEAAR ) (43 ISR )
MRR Hits@10 MRR Hits@10 MRR Hits@10 MRR Hits@10

ARIOH 0.550 0.698 0.420 0.621 0.331 0.476 0.429 0.592
+RuleGNN ™ ) ) ) i ) i )

KARE+
RuleGNN

FLT A e
Z+LSTM

0.500 0.682 0.392 0.582 0.278 0.439 0.385 0.561

0.434 0.606 0.353 0.539 0.225 0.363 0.332 0.495
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Fig. 7 Statistics of average number of rules per relation with

various rule confidence threshold values
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Fig. 8 Results of MRR under different rule confidence

threshold values
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